Abstract-
We approach this problem from the perspective of information theory. Our method, based on multiscale entropy (MSE) analysis [16, 17] , is simple to implement and computationally efficient. This approach is motivated by the hypothesis that artifacts degrade signal information content, which can be quantified using the MSE method applied in a moving window.
II. MATERIALS AND METHODS

A. Database
We employed the Motion Artifact Contaminated EEG Database [18, 19] , freely available on the PhysioNet website [20] at http://physionet.org/physiobank/database/motionartifact/. This dataset comprises 23 recordings lasting approximately 8-9 minutes. Each recording includes two EEG signals from the pre-frontal cortex, acquired from transducers in close proximity of each other. In each case, one of the two transducers was undisturbed, while the other was manipulated to produce motion artifacts of variable duration. Simultaneous outputs of 3-axis accelerometers affixed to each transducer were also recorded to document motion-related noise. The EEG signals were sampled at 2048 Hz; the acceleration signals at 200 Hz.
The following procedure, illustrated in Fig. 1 , was adopted to recognize movement artifacts inside each epoch:
(i) Derivation of the acceleration time series (Fig. 1 , top panel) by computing the amplitude of the acceleration vector from its three components x, y and z (√ 2 + 2 + 2 ).
(ii) High-pass filtering of the acceleration signal to remove frequencies well below (< 0.2 Hz) those characteristic of movement artifact. We used a parabolic interpolation filter (function available at www.mit.edu/~gari/CODE/ECGtools/, parameter: n=1000 data points).
(iii) Rectification of the detrended acceleration signal by squaring its amplitude (Fig. 1, middle panel) .
(iv) Low-pass filtering of the rectified detrended acceleration signal (Fig. 1, bottom panel) using a 200 data point wide moving average window (cut-off frequency of 1 second).
(v) Determination of the temporal location and duration of the movement contaminated segments (Fig. 1, bottom panel) by comparing the amplitude of the signal obtained from step (iv) with an empirically determined threshold (amplitude > 9 x 10 -7 (a.u.) implies movement artifact). For the development of the EEG noise detection algorithm, we use the derived time series of 0 and 1 values (1 for movement, 0 for no movement) as the reference signal.
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B. Multiscale Entropy Analysis
MSE [16, 17] quantifies the complexity of a signal by assessing the entropy of set a time series, called coarsegrained time series, each representing the systems' dynamics on a different time scale. The coarse-grained time series for scale s is obtained by averaging the data points inside consecutive non-overlapping windows, each with s data points.
As a measure of entropy, the MSE method uses sample entropy (SampEn), which is the negative logarithm of the conditional probability that m-component patterns that match within a certain tolerance r will also match when their lengths increase by one data point. In this study, we chose m=2 and r=15% of the standard deviation of the signal.
To derive the time series of the complexity indices (CI, unit-less), we applied the MSE algorithm to consecutive non-overlapping windows of 2 seconds (4096 samples). The complexity index was defined as the summation of the entropy values for scales 1 to 5. This range was selected based on the following considerations: i) By construction, the length of the coarse-grained time series for scale s is N/s, where N represents the total number of data points; ii) SampEn is largely independent of time series length for time series longer than 750 samples [21] ; iii) Since our 2 second segments comprised 4096 samples, we were able to expand our analysis up to scale 5 (4096/750~5). For scale 5, each data point represents a 2.5 ms observation (5/2048 s). Thus, 2-and 3-component patterns have duration of 5 and 7.5 ms, respectively.
For artifact detection we then analyzed the time series of the sequences of CI. Fig. 2 shows an example of an EEG signal with 4 movement artifact segments and of the derived CI time series. Note that the segments corresponding to artifacts are characterized by lower values of the CI. 
C. Evaluation of the method
We started by concatenating the CI time series from all the EEG channels contaminated by movement artifact into a single time series. Next, we classified each 2-s EEG epoch as artifact free or movement artifact depending on whether the CI value for that epoch was above or below a given threshold, respectively. The ROC curve was derived by repeating this process for a range of threshold values, varying from the minimum to the maximum of the concatenated CI time series. The area under the curve (AUC) was used as an index of performance (Table 1 , first row). The optimal CI threshold value (1.34, marked in red on the ROC curve in Fig. 3 ) was defined as the one providing the highest accuracy (number of correctly recognized epochs/total number of epochs).
We also computed the sensitivity, specificity and accuracy values for the analysis of the control leads using the "optimal" CI threshold defined above (Table 1 , second row).
III. RESULTS
The ROC curve derived from analysis of the movementcorrupted EEG signals is shown in Fig. 3 . The AUC = 0.95 (95% confidence interval: [0.94, 0.96]).
As in the cases here, movement artifacts may appear on EEG as transient high amplitude spikes, leading to an increase of the SD of time series for the affected epochs. Therefore, one might hypothesize that the performance of a method based on the analysis of the SD time series would be equivalent to that of the CI time series. However, the complexity analysis provides information not contained in the mean or the variance of a signals. Indeed, the CI and the SD are independent of each other. Note that the r parameter (tolerance) of the SampEn algorithm is chosen here as a percentage of the SD in order to eliminate the effect of signal amplitude on the entropy measure. a There are no noise-corrupted epochs in the control leads.
To illustrate the potential advantages of the CI method over the use of the SD, we next evaluated two examples of signals contaminated by low amplitude artifacts:
1) Artifacts containing periodic oscillations:
We selected a noise-free EEG signal from our database and, at random locations, replaced a given amount of data with a periodic wave of similar amplitude (Fig. 4, top panel) . By construction, the local SD values computed from noise-free segments were similar to those obtained from the artifactladen segments (Fig. 4, bottom panel) . In contrast, the complexity index was substantially higher for noise-free segments (~5) than for the segments of periodic artifact (~0).
2) Artifacts of low amplitude due to movement: We selected an EEG signal from our database with movement artifact and detrended it -again using the parabolic interpolation filter with parameter n=500 data points -to eliminate slow baseline drifts on time scales much larger than those characteristic of movement artifact. We next rescaled the amplitude of the segments corresponding to movement artifact to match those of the surrounding noisefree segments (Fig. 5, top panel) . By construction, the artifact corrupted segments could not be identified from the analysis of time series the of local SD values. In contrast, the time series of the complexity indices showed a marked decrease in MSE for the noise-corrupted periods compared with the noise-free ones (Fig. 5, middle panel) . 
IV. DISCUSSION
We address the problem of movement artifact detection from EEG signals by introducing a computationally efficient method based on complexity analysis (as measured by the MSE method).
Previous articles have proposed the use of classical (i.e., single scale) entropy measures in artifact detection. For example, Delorme and colleagues [22] employed Shannon's entropy together with kurtosis for the rejection of independent components of EEG signals. Inuso and colleagues [23] employed Renyi's entropy in conjunction with wavelet decomposition.
Here, we explore for the first time, to our knowledge, the possibility of using MSE to detect artifact in EEG based on the hypothesis that physiological signals are more complex than their noise-corrupted counterparts.
We employed the MSE method to analyze an open-access database of EEG recordings affected by sensor movements. The preliminary findings are promising with respect to sensitivity and specificity. A major limitation of this study is that it focused only on one class of artifacts. Its utility with respect to a wide range of EEG artifacts, as well as pathophysiological signals related, for example to seizures, needs to be systematically explored. Furthermore, it is likely that semi-automated approaches to EEG artifact detection will require an ensemble of methods, given the broad range of possible contaminative signals. Comparison with other methods also requires future studies.
Finally, we note that parameters of the detection algorithm can be adapted to different needs. Here we employed a window of 2 seconds. Depending on the resolution requirements in detecting noisy segments and on EEG sampling frequency, the time window can be appropriately adjusted.
V. CONCLUSIONS
We introduce a simple method based on multiscale entropy (MSE) analysis to facilitate EEG artifact detection. This method is easy to implement and can be applied in conjunction with other artifact detection methods. Further studies are needed to assess its utility and limitations and to compare it to currently used techniques.
